Abstract: This paper proposes a practical and accurate algorithm for capturing load information from the raw metering data based on the context awareness, exploiting the dependency of user location from a sensor network on its energy use from a smart meter. Systematic rules have been developed for defining relevant context and for disaggregating the electrical energy consumption (EEC). Details of the algorithm are presented and its efficacy is demonstrated through simulation for residential load consumption. Unlike the existing load monitoring, the proposed method can be easily implemented in a smart meter and can distinguish between two loads even with the same active and reactive power consumptions. The proposed technique is envisioned to help advance the smart metering technology by informing consumers of their energy usage in reference to their behavior and allowing them to economize their energy use.
INTRODUCTION
Increasing interest and technological advances in energy efficiency has led to active research on load monitoring and analysis for determining the composition, operating schedule and physics of electrical loads from measurements made at the utility service entry especially because it is nonintrusive. Providing information regarding individual energy consumption surely helps consumers improve their management of energy use and thus reduce energy costs. Note that existing charges for whole-house electricity consumption are inadequately detailed, i.e., not informative when intelligent guidance is needed for decreasing power consumption.
Non-intrusive appliance load monitoring (NALM) methods are designed to monitor electrical loads containing multiple devices. NALM, which includes physical and inferential disaggregation approaches, makes it possible to provide disaggregated information about electricity consumption. Physical disaggregation of loads can be performed by placing sensors on each individual load component. On the other hand, inferential disaggregation collects all required information from the point where the power supply enters the house and then uses rather sophisticated signal processing techniques to extract load signatures, classify or cluster them based on the identified features and further determine the contributions to the energy consumption of individual components. Thus, inferential disaggregation has been considered to be a cost-effective method of gathering load data compared to physical disaggregation because of its low installation cost and increased reliability due to a bare minimum of sensors required. On top of the benefit of disaggregating the energy use, NALM helps monitor and diagnose the health of each device and any potential interactions among electric devices.
However, most previous studies based on inferential disaggregation have concluded that existing NALM methods do not perform best as the number and kind of loads increases because the signatures space is too crowded to exploit them to distinguish the loads of interest. This is true for those methods based on the steady-state power consumption especially when changes of active and reactive power consumptions are not noticeable due to sustained transient operating conditions, which is not uncommon in practice.
In order to improve the limited performance of the existing NALM techniques, we have developed a practical and accurate algorithm for capturing load information from the raw metering data based on the context awareness, exploiting the dependency of corresponding user location and its energy use. Systematic rules have been developed for defining relevant context and disaggregating the electrical energy consumption (EEC). The proposed algorithm may help advance the smart metering technology by informing consumers of their energy usage in reference to their behaviors and allowing them to economize their energy use, which Smart Grid of the future envisions.
The rest of this paper is organized as follows. Section 2 describes related research. Section 3 introduces our techniques. Section 4 evaluates the performance of our algorithm in comparison to a different algorithm using a MATLAB. Conclusions are presented in Section 5.
RELATED WORKS

Load signature for Disaggregation
Many researchers have studied the applications of disaggregation techniques to identify load activity patterns and eventually reduce electrical energy consumption over the past 20 years [S. Drenker and A. Kader (1999) , G. W Hart (1992) , W.L. Lee et al. (2004) , Steven R. Shaw et al. (2008) , F. Sultanem (1991) ]. One technique, the load signatures technique, maps from raw current and voltage values into more compact measurements such as real power, reactive power and harmonics.
Academic attempts at defining load signatures from raw current and voltage measurement, real and reactive power, and harmonics information appear to have begun around 1990. F. Sultanem (1991) represented each load by its location in a complex (P + jQ) plane according to active and reactive power. The major limitation of this approach is its inability to distinguish between two loads with the same active and reactive power consumptions.
While primarily characterizing electric load types or devices by their active and reactive power values, G. W Hart (1992) introduced the representation of a system as a finite state automation, in which the states correspond to all possible combinations of load sets. Unfortunately, it is difficult to detect each load's state change, because the electrical energy consumption from the energy meter is contaminated via noise. Another interesting approach, presented by S. Drenker and A. Kader (1999) , uses an image processing method, including event detection, cluster matching and pattern recognition. Recently, W.L. Lee et al. (2004) described current waveform shape as a source of information and showed how characteristic changes in the current measurement could be used to derive load signatures. A Fourier analysis yields a signal, decomposed by a harmonically related sinusoids and can be represented through root-mean-square (RMS) coefficients. The coefficients for the kth harmonic are commonly described as follows:
, where I(t) is the current and ω is the fundamental angular frequency. If voltage is purely sinusoidal, it is defined as follows:
In this equation, V 1 is the RMS value. The average power component is represented by
Sensor network for location tracking
Sensor networks have been applied to many interesting applications for building intelligent home, and offices. The sensor networks usually comprise small, low-power devices that integrate sensors and actuators with limited on-board processing and wireless communication capabilities. One of their most important applications is location tracking, Some interesting methods for estimating distances in location tracking have been studied [A. Boukerche et al. (2007) ]. These methods include received signal strength indication (RSSI). RSSI can be used to estimate the distance between two nodes based on the strength of the signal received by either of each node. As depicted in Fig. 1 , a sending node transmits a signal with a determined strength that naturally fades as the signal propagates. The longer the distance to the receiving node, the weaker the signal strength when it arrives at the receiving node. This method has been proven to provide a sufficient estimation accuracy to support location tracking for the indoor environments and no extra hardware is required [Hyunggi CHO, et al. (2007) ]. This regarded research has sparked many research efforts in sensor network.
DISAGGREGATION OF ELECTRICAL LOADS USING CUSTOMER'S LOCATION INFORMATION
Load signatures
This paper focuses on the EEC of appliances, installed in a residential building. As shown in Fig. 2 , the room is numbered to indicate a user or customer's location. If a certain load is posititioned in a room number 1, the load has a positional attribute, denoted as RN = 1. This newly defined positional attribute, RN can be used to distinguish loads with the same or very similar power consumption in different rooms using this RN information.
In addition, we use a context-aware method so that the load signatures become more informative. The method is based on the dependency of load power consumption and the corresponding user location method. Thus, another interesting load attribute, load dependency (LD) is defined and determined for each load in the following three ways:
(1) LD = 1 means that a load does not change its state (power consumption) without user, (2) LD = 0 means that a load can change its state without user, and (3) LD = 0.5 means that a load may behave as in (1) or (2). These cases are presented in Table 1 . Then, the load profile is described as follows.
where, P s ,Q s , active and reactive power corresponding to the load operating states, respectively. These states are determined based on the measurements reported from the actual meters and their analysis. For example, washing machine has four states, comprising off-mode, power saving-mode, dehydration-mode and washing-mode. These four states have different active and reactive power, respectively. RN is the room number where the load is installed and LD is its dependency value. We will use this profile for the following algorithm.
User's Location tracking
The proposed algorithm is based on the received signal strength indicator (RSSI) method for tracking a user's location in a residential building [A. Boukerche et al. (2007) ]. Unfortunately, this RSSI has been observed highly vulnerable to noises and obstacles, leading to inaccurate distance estimation, and the antenna makes the RSSI hard to model mathematically. However, since the room number or the user's location is the only information we need in the context of our application, the RSSI method has been chosen due to its cost-effectiveness. It is interesting to note that most receivers are capable of estimating the received signal strength and thus applicable to our load disaggregation application. The our user's location is obtained from following equation:
where RSSI RN =n is RSSI obtained from sensor in room number n and the function F returns a room number of which RSSI is the strongest among inputs of the function F . Note that the bigger the signal strength to the receiving sensor node, the shorter the distance to the receiving sensor node. Since the room number is included in the sensor node, the user location can be identified. For example, the sensor network may be configured in a residential building as depicted in Fig. 3 .
There are routing sensors (gray) in each room. These Fig. 3 . Constructed sensor network sensors collect RSSI of user sensor (white) and transmit RSSI to a central sensor (black). Also, central sensor uploads RSSI data to a central location management system, which calculate user's location by equation (5). This management system may easily be implemented into a PC in a house.
Rules of the proposed algorithm
The proposed disaggregation algorithm consists of four rules, as described in The first rule of the algorithm for detecting state change, is applied to determine whether amount of EEC has been increased or decreased. This rule states the following:
IF (T otal EEC bef ore event − T otal EEC af ter event > K) T HEN amount of EEC is decreased in this state IF (T otal EEC bef ore event − T otal EEC af ter event < K) T HEN amount of EEC is increased in this state
where, T otal EEC is the sum of the each active load's EEC and maybe it can measured using smart meter. K presents a threshold indicating any change in EEC to be robust against possible metering noise. Using this rule, we are able to determine a preliminary set of possible loads involved in the state change. Then, we determine possible load sets that minimize the following equation:
In this equation (6), P n,k and Q n,k are the active power and reactive power values for each load, respectively, and are defined as described in 3.1. Index n labels the loads, index k labels the state number of each load. The S n,k is an indicator and functions as follows: Because every load is assumed to operate in the only one mode at a time, the set of load states, {S n,k }, are defined to have only one active state with the remainder being inactive states.
The rule for correlating the load's location and the user location evaluates the resulting information from the second rule and determines whether the result is correct or not by evaluating the load dependency (LD). In this rule, user location is assumed to be obtained from the sensor network. Through location tracking, this network can provide the corresponding room number in which the user is located. Suppose the change state equals 1, if the user location is the same as the load, then the algorithm goes on to the next stage. Otherwise, the third rule eliminates the information obtained from the second rule from the preliminary set of possible events, and then goes back to the second rule.
Finally, the last rule estimates electrical consumption as follows:
where, ∆t is the period maintaining the active state, and P ower state is the average electric energy obtained from that load's signature. Then we can verify the accuracy of our algorithm by calculating the difference between the estimated and actual T otal EEC.
SIMULATION RESULT
In this simulation, the smart meter and sensor network are assumed to be synchronized and periodically update the EEC and user location. The loads change state one at a time at uniformly distributed random intervals, with the total on-time and EEC of each load accumulated for comparisons with algorithm results. We use a normal distributed function for noise consideration. The load parameters are based on typical measurements and some assumptions, shown in Table 2 . This simulation compares the proposed algorithm to another algorithm that uses only load profiles without information about user's location. The simulation results, based on a run of 100 changing states and 100 iterations, are presented in Table 3 . The results of simulations demonstrate that the proposed algorithm has an 90 ∼ 95% accuracy rate for load recognition, with a 100% success rate for air conditioner and refrigerators, while the other test algorithm cannot easily distinguish the same characteristic loads. Our technique also exhibits better performance in case of the Filament Lamp, CF Lamp and Laptop. However, the proposed algorithm does not perform best for loads exhibiting dual dependency with LD = 0.5. When LD = 0.5, the loads are identified with lower accuracy because the algorithm defines load dependency as 0 or 1 via random numbers. This paper defines and uses load dependency on the user location for disaggregating the total load consumption, which most previous research has not considered but is found to improve the load disaggregation performance significantly.
CONCLUSION
We propose an efficient and accurate inferential algorithm for disaggregating electric load power consumption by correlating metering and user's location. Systematic rules for applying the proposed technique are proposed and its efficacy has been demonstrated through simulations. Our results show that the proposed algorithm can discriminate loads even with the same electrical characteristics, unlike the existing algorithms Therefore, our algorithm provides the ability to achieve high accuracy using a simple context-aware method that takes location information into account. It is believed that the proposed algorithm should help advance the smart metering technology by informing consumers of their energy usage in reference to their behaviors and allowing them to economize their energy consumptions.
